Clusters of genes that evolved from single progenitors via repeated segmental duplications present significant challenges to the generation of a truly complete human genome sequence. Such clusters can confound both accurate sequence assembly and downstream computational analysis, yet they represent a hotbed of functional innovation, making them of extreme interest. We have developed an algorithm for reconstructing the evolutionary history of gene clusters using only human genomic sequence data, which allows the tempo of largescale evolutionary events in human gene clusters to be estimated. We further propose an extension of the method to simultaneously reconstructing the evolutionary histories of orthologous gene clusters in multiple primates, which will facilitate primate comparative sequencing studies that aim to reconstruct their evolutionary history more fully.
INTRODUCTION
G ene clusters in a genome provide substrates for genomic innovation, as gene duplication is often followed by functional diversification (Ohno, 1970) . Also, genomic deletions associated with nearby segmental duplications cause several human genetic diseases (Lupski, 2007) . One surprising discovery emerging from the sequencing of the human genome was the large extent of recent duplication in the human lineage. Analysis of the human genome sequence revealed that 5% consists of recent duplications (Lander et al., 2001) ; subsequent studies have further found extensive copy-number variation among individuals (Wong et al., 2007) .
Duplicated genomic segments are exceedingly difficult to sequence accurately and completely. Even the ''finished'' human genome sequence (International Human Genome Sequencing Consortium, 2004) contains about 300 gaps, many of which reflect regions harboring nearly identical tandemly duplicated segments. The situation in mammalian genomes sequenced by a whole-genome shotgun sequencing strategy (Green, 2001 ) is typically much worse, with recently duplicated segments often grossly misassembled. The development of computational methods for analyzing gene clusters has therefore lagged far behind that for analyzing single-copy regions, due in part to the lack of accurate sequence data. Even the basic problem of formally defining what is meant by a multi-species sequence ''alignment'' of a region harboring a gene cluster (much less actually generating an accurate alignment of such a region) has only recently been addressed (Blanchette et al., 2004; Raphael et al., 2004) . While the recent testing of several alignment methods with comparative sequence data representing 1% of the human genome (Margulies et al., 2007) suggested adequate performance, a closer examination of the resulting alignments for those regions containing tandem gene clusters (e.g., globin clusters) showed significant imperfections.
Here, we describe an algorithm for producing a theoretical ancestral sequence and a parsimonious set of duplication and deletion events explaining the observed state of a gene cluster. We start by setting a lower bound for the percent identity in self-alignments of a gene cluster (e.g., 93%; Fig. 1 ). This defines the set of duplications that have occurred in a given time interval (such as the last 25 million years) and that have not subsequently been deleted. The ancestral configuration of each gene cluster is then deduced at several evolutionary points, and predictions are made about the parsimonious sets of duplications and deletions that converted the ancestral configuration into the extant one. We further discuss a generalization of our approach to simultaneous reconstruction of the histories of orthologous gene clusters in multiple mammalian genomes. Similar problems have been studied before. Elemento et al. (2002) and Lajoie et al. (2007) developed algorithms for reconstruction of evolutionary histories of gene families allowing tandem duplications and inversions. Their basic assumption is that a gene is always duplicated as a whole unit and duplicated copies are always immediately adjacent to their sources. These assumptions are routinely violated in the real data, and thus their methods have limited applicability in genome-wide studies. In addition, Elemento et al. (2002) do not consider inversions, while Lajoie et al. (2007) only consider single gene duplications. Jiang et al. (2007) recently used methods developed for repeat identification to infer ancestral ''core duplicated elements.'' Their results provide useful insights about duplication histories, but without detailed reconstructions. In this article, we aim to provide event-by-event reconstructions of duplication and deletion histories using local sequence alignments, allowing both tandem and interspersed duplications (potentially with inversions). 69000000 69500000 70000000 70500000 chr4 98-100% (after great apes) 93-97% (after old-world monkeys) 89-92% (after new-world monkeys) 85-88% (after lemurs and galagos) 80-84% (after dogs)   YTHDC1  TMPRSS11E  UGT2B17  UGT2B15  TMPRSS11E  UGT2B15  UGT2B10  UGT2A3  UGT2B7  UGT2B11  UGT2B28  UGT2B4   YTHDC1   TMPRSS11E   UGT2B17   UGT2B15   TMPRSS11E  UGT2B15   UGT2B10   UGT2A3   UGT2B7   UGT2B11   UGT2B28   UGT2B4 FIG. 1. Dot-plots of self-alignments of the human UGT2 cluster exceeding thresholds of percent identity chosen to roughly correspond to the divergence of the human lineage from great apes (98%), old-world monkeys (93%), newworld monkeys (89%), prosimians (85%) and dogs and other laurasiatherians (80%). We estimate that 2, 27, 51, 59, and 82 duplications, respectively, are needed to produce the current configuration from a duplication-free sequence (no deletions were predicted), suggesting a sustained growth of the cluster along the human lineage, with a burst of activity around the time that humans and apes diverged from old-world monkeys. The sequence alignments were computed using blastz (Schwartz et al., 2003) and post-processed as described in the text.
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We have applied our algorithm to 165 human gene clusters, in each case predicting the evolutionary scenarios corresponding to five major divergence points along the lineage leading to human. Our results provide distributions of the predicted sizes of rearranged segments. Also, using percent-identity thresholds associated with large increases in the estimated number of duplications and deletions, we can estimate dates of rapid cluster expansion.
In future work, we plan to use such estimates to examine a large number of human gene clusters in conjunction with experimental data on gene-family size in various primates, as generated by array comparative genome hybridization (aCGH) (Wilson et al., 2006; Dumas et al., 2007) . Our aim is to design a larger primate comparative sequencing project that will more deeply examine the evolutionary history of a set of human gene clusters. In turn, the availability of such comparative sequence data should provide important insights about primate genome evolution and catalyze the development of computational methods for analyzing gene clusters.
The article is organized as follows. We first define the reconstruction problem and describe our data preparation in Section 2. In Section 3, we introduce the basic algorithm for reconstructing duplications and prove its optimality, with proofs of supporting lemmas relegated to Section 4. To deal with deletions and other intricacies of real data, we introduce a Monte Carlo extension of the basic algorithm in Section 5. We present simulation results and applications of our method to human genome-wide gene clusters in Section 6. In Section 7, we further generalize the method to the multi-species gene cluster reconstruction problem. Source code for our method is available at www.bx.psu.edu/miller_lab/.
PROBLEM STATEMENT AND DATA PREPARATION
Our task is to reconstruct the evolutionary history that has generated a gene cluster in the human genome. Given the cluster's DNA sequence in a single species, we first identify all local self-alignments in both forward and reverse-complement orientations using blastz (Schwartz et al., 2003) . We can visualize the identified alignments using a dot-plot, and our goal is equivalent to providing a set of instructions for generating the observed dot-plot from a duplication-free sequence using a series of duplication and deletion events.
We preprocess the initial dot-plot to satisfy the transitive closure property. That is, if the dot-plot contains local alignments for region A and B, and for region B and C, then the dot-plot must also contain a local alignment for region A and C. We also maximize each alignment, i.e., we ensure that the alignments cannot be extended on either end. Finally, a local alignment can be broken into smaller pieces by mutations and interspersed repeats. We have developed an accurate algorithm to determine the transitive closure of a dot-plot and to chain alignments together if they are broken by these events.
Since after preprocessing the alignments are maximized and have the transitive closure property, we can represent the original sequence by a sequence of atomic segments that are separated by boundaries of the alignment (atomic boundaries). We will denote the atomic segments by letters a, b, c, . . . , and their reverse complements by a, b, c, . . . . The atomic segments that are aligned to each other will have the same letter with different subscripts (e.g., xa 1 yb 1 c 1 zc 2 a 2 b 2 w has 10 atomic segments, two of which are reverse complements; a 1 and a 2 are aligned, and so are b 1 and b 2 , and c 1 and c 2 ).
We say that the two adjacent atomic segments xy can be collapsed into a single atomic segment z, if y is always immediately preceded by x, and x is always immediately followed by y (we also consider x and y in the reverse orientation). In such cases, we can replace all occurrences of xy with z, and all occurrences of yx with z. Since initially all alignments are maximized, our initial representation of the gene cluster sequence will have no collapsible atomic segments.
We will be looking for a series of evolutionary events in reversed order of time, i.e., starting from the most recent event. A duplication event copies a region P in the sequence, which may consist of several consecutive atomic segments, to another location with possible reversal. The most recent duplication is characterized by a pair of regions (P, D) in the dot-plot, where D is a region identical to P except for atomic segment subscripts and perhaps orientation, e.g., (a 1 b 1 , b 2 a 4 ). If correctly identified, we can unwind a duplication (P, D) by removing segment D from the sequence, then collapsing all collapsible atomic segments.
The basic version of the reconstruction problem can now be stated as follows: given a representation of the present-day DNA sequence by atomic segments, find a sequence of duplication events (P 1 , D 1 ), (P 2 , D 2 ), . . . , (P k , D k ) such that if we unwind these duplications, we obtain a sequence containing only a DUPLICATION HISTORY RECONSTRUCTIONsingle atomic segment. Furthermore, the sequence of reconstructed duplication events should be as close as possible to the real duplication history of a gene cluster.
BASIC COMBINATORIAL ALGORITHM
We first present a simple combinatorial algorithm that can correctly reconstruct all the duplication events (except for their order and direction) under the following assumptions:
(1) A duplication event copies (possibly with reversal) a region of the sequence to any location except inside the originating region. (2) The sequence evolves only by duplications (including duplications with reversal and tandem duplications).
There are no deletions and other operations. (3) No atomic boundaries are reused as duplication boundaries, except in tandem duplications. Here, boundaries of two aligned atomic segments (e.g., a 1 and a 2 ) are considered to be the same atomic boundary.
These assumptions are much more permissive than those of Elemento et al. (2002) , yet they are still often violated in the real data. Therefore, we also offer a more practical solution based on the sequential importance sampling in Section 5. Note that assumption (3) is a stronger version of the commonly used no-breakpoint-reuse assumption (Nadeau and Taylor, 1984) and can be justified by the usual arguments.
We call a pair of regions (P, D) a candidate alignment if P and D are identical except for subscripts and orientation, and if, after removing D, the atomic segment pair flanking D and the two pairs flanking each boundary of P can be collapsed.
For example, for xa 1 yb 1 c 1 zc 2 a 2 b 2 w, the alignment (a 1 , a 2 ) is a candidate alignment. This is because after removing a 2 , its flanking atomic segment pair, c 2 b 2 can be collapsed into a single atomic segment. Additionally, the atomic segment pairs flanking boundaries of a 1 (xa 1 and a 1 y) can also be collapsed.
Lemma 1. In a sequence of atomic segments that arose by processes satisfying the assumptions (1)-(3), the latest duplication is always among the candidate alignments.
Lemma 1 suggests a simple and efficient basic algorithm for reconstructing a sequence of duplications:
1. Find a candidate alignment (P, D). 2. Output (P, D) as the latest duplication and unwind (P, D) by removing D from the sequence and collapsing all collapsible atomic segments. 3. Repeat until there is only a single atomic segment left.
Depending on the choice of candidate alignments in step 1, we can reconstruct many duplication histories that all lead to the present-day gene cluster sequence from some ancestral duplication-free sequences. Lemma 1 shows that one of those possible solutions is the real sequence of duplications. The following theorem further shows that all the other solutions produced by the basic algorithm are equivalent optimal solutions of the problem (see also proofs of the supporting lemmas in the next section): Theorem 1. If assumptions (1)-(3) are met, then the basic algorithm will always successfully recover a sequence of duplications that will collapse the whole sequence into a single atomic segment, regardless of the order of choice of candidate alignments in step 1. Moreover, all of these solutions have the same number of events and they represent all parsimonious solutions of the duplication event reconstruction problem.
Proof. Denote the present day sequence of atomic segments S and the series of k duplications that created this sequence O 1 , O 2 , . . . , O k . To prove the claim, we will first show that for any candidate alignment (P, D), sequence S can also be created by a sequence of duplications O To apply the basic algorithm to xa 1 yb 1 c 1 zc 2 a 2 b 2 w, we note that alignment (a 1 , a 2 ) is the only candidate alignment; (b 1 , b 2 ) and (c 1 , c 2 ) do not satisfy the definition of candidate alignment at this moment. We remove a 2 to obtain a new sequence xa 1 yb 1 c 1 zc 2 b 2 w, and we remove the corresponding local alignment (a 1 , a 2 ). We collapse the new sequence into a simpler form ue 1 ze 2 w, where u ¼ xa 1 y, e 1 ¼ b 1 c 1 , e 2 ¼ c 2 b 2 . Now only one local alignment remains, which can be resolved by repeating the above procedure. Since both e 1 and e 2 can be deleted, deleting either of them leads to a duplication-free sequence with different configurations.
PROOFS OF SUPPORTING LEMMAS
This section contains the supporting lemmas for proving the existence and optimality of the basic algorithm's solution in Section 3. For the clarity of presentation, we use symbol ''j'' to explicitly denote the boundary of a duplication segment.
A list of key terms used in this section follows:
MAXIMUM ALIGNMENT: a local alignment is maximum if neither end of the alignment can be further extended. COLLAPSIBILITY: two adjacent atomic segments xy in the sequence can be collapsed into a single atomic segment z, if x always immediately proceeds y and y always immediately follows x, with respect to their relative orientations. For instance, xy and its reverse complement y y x x.
CANDIDATE ALIGNMENT: a local alignment of two regions (P, D) is a candidate alignment, if after removing D from the sequence, the atomic segment pair flanking D is collapsible, and the two pairs of atomic segments flanking each boundary of P are also collapsible. COUPLING: two candidate alignments (P 1 , D 1 ) and (P 2 , D 2 ) are coupled if P 1 and D 2 physically represent the same segment (denoted as P 1 D 2 ), and P 2 D 1 as well.
Lemma 2. For a candidate alignment (P, D), with D ¼ uja 1 Á Á Á b 1 jv and P ¼ xja 2 Á Á Á b 2 jy, the D segment will not overlap with any other alignments unless (P, D) is a forward tandem duplication.
Proof. Without loss of generality, we assume there is a copy of uja 1 in the sequence, say u 3 ja 3 . If u 3 ja 3 lies within or outside either ja 1 Á Á Á b 1 j or ja 2 Á Á Á b 2 j, it will remain in the sequence after removing D. Since xja 2 is collapsible after removing D, u 3 ja 3 must equal xja 2 , which means u ¼ u 3 ¼ x, but this contradicts the maximum alignment assumption.
Alternatively, either u 3 ja 3 or xja 2 is deleted when removing D. If u 3 ja 3 is deleted by D, it must lie on the boundary b 1 jv of D, i.e., either b 1 jv u 3 ja 3 or b 1 jv a 3 ju 3 ; either way we will have the atomic pair flanking D non-collapsible after removing D. On the other hand, if xja 2 is deleted by D, we must have either a forward tandem duplication uja 1 Á Á Á b 1 ja 2 Á Á Á b 2 jy or a backward tandem duplication vjb 1 Á Á Á a 1 ja 2 Á Á Á b 2 jy. The latter leads to a contradiction because u ¼ a 2 means u 3 ja 3 ¼ a 2 ja, and hence vja 2 is not collapsible after removing D. & Lemma 3. D 1 of a candidate alignment (P 1 , D 1 ) cannot lie within either P 2 or D 2 of another candidate alignment (P 2 , D 2 ), but they can represent the same region, i.e., D 1 D 2 .
DUPLICATION HISTORY RECONSTRUCTION
Proof. By Lemma 2, the statement is true if (P 1 , D 1 ) is not a forward tandem duplication. When (P 1 , D 1 ) is a forward tandem duplication, without loss of generality, assume (P 1 , D 1 ) has the form
Suppose there is another candidate alignment (P 2 , D 2 ), in which either P 2 or D 2 covers D 1 . If D 1 completely lies within either P 2 or D 2 and shares no boundaries with them, then there is a second copy of b 1 ja 2 , say b 3 ja 3 in the sequence. After removing D 1 , we should have uja 2 collapsible, which is impossible due to b 3 ja 3 . On the other hand, suppose D 1 lies within either P 2 or D 2 and they share the boundary uja 1 ; then the same arguments apply. Instead, if D 1 shares the boundary b 1 ja 2 with either P 2 or D 2 , there are two situations:
Situation 1: P 2 covers D 1 . In this case, after removing D 2 , we should have b 1 ja 2 collapsible, which is impossible due to b 2 jy in P 1 .
Situation 2: D 2 covers D 1 . In this case, we must have
After removing D 2 , we have pja 2 collapsible, which means p ¼ u. After removing D 1 , we should have uja 2 collapsible, which means (pjc 1 ) ¼ (ujc 1 ) ¼ (uja 2 ), and thus c 1 ¼ a 2 . However, this means wjc 2 ¼ wja 2 in P 2 must also equal uja 2 , and thus w ¼ u ¼ p, which contradicts the maximum alignment assumption.
&
Without loss of generality, we assume that D 1 shares boundaries with P 2 . There are two situations:
Situation 1: D 1 is adjacent to P 2 ( Fig. 2a) , such that the boundary (b 1 jv) of D 1 shares the same region as the boundary (wjc 2 ) of P 2 , i.e., b 1 jv wjc 2 .
Since wjc 2 is collapsible after removing D 2 , we should have b 2 jy in P 1 equal b 1 jv, and thus y ¼ v. However, this contradicts the maximum alignment assumption. The exception is that either b 1 jv ( b 1 jc 2 ) or b 2 jy is deleted when removing D 2 . The former indicates D 1 D 2 by Lemma 3. For the latter, if b 2 jy is completely removed by D 2 , there is another copy of b 2 jy in P 2 , which still indicates y ¼ v and leads to a contradiction. If D 2 only removes b 2 in b 2 jy, then D 2 covers P 1 by Lemma 3. In this case, we have either of the following:
1. D 2 and P 1 are in the same orientation ( Fig. 2b ):
Since D 2 covers P 1 on the b 2 side, we have d 1 b 2 and q y. Since b 2 jy is collapsible after removing D 1 , and b 2 jy ¼ d 1 jq, we must have d 2 jz in P 2 equal to d 1 jq, which contradicts the maximum alignment assumption. a1 a2
...
D2 P1
P2 P1
... Situation 2: D 1 covers P 2 (Fig. 2d) . After removing D 2 , (d 2 jz) (b 1 jv) in P 2 is collapsible. However, this contradicts with v = y, unless either b 1 jv in P 2 or b 2 jy in P 1 is deleted when removing D 2 .
1. if b 1 jv in P 2 is deleted, then we either have a forward tandem repeat P 2 jD 2 , or a reverse tandem repeat P 2 jD 2 . For the former, we must have u ¼ w and a ¼ c following similar arguments as in Lemma 3. As a result, when removing D 2 , wjc 2 is collapsible and thus x ¼ w ¼ u, which contradicts the maximum alignment assumption. The only exception is when (P 1 , D 1 ) and (P 2 , D 2 ) are coupled. For the latter, we have a reverse tandem repeat P 2 jD 2 . Similarly, we can show that y ¼ p ¼ u and dc. Therefore, wjc in P 2 equals wjd, and will remain intact after removing D 2 . However, after removing D 2 , we should have djp collapsible, and thus w ¼ p, which contradicts the maximum alignment assumption unless (P 1 , D 1 ) and (P 2 , D 2 ) are coupled. 2. if b 2 jy in P 1 is deleted, then first, b 2 jy cannot be completely deleted by D 2 , otherwise there is another copy of b 2 jy remaining in P 2 , and the same arguments that v = y can be applied to show a contradiction; second, the y of b 2 jy cannot be deleted by D 2 as proved in Situation 1; third, if the b 2 of b 2 jy in P 1 is removed by D 2 , we have D 2 ' P 1 , which leads to coupling because D 1 ' P 2 . & Lemma 5. Given two candidate alignments (P 1 , D 1 ) and (P 2 , D 2 ), if at least one of them is not a forward tandem repeat, then D 1 will neither overlap with nor be adjacent to D 2 . D 1 and D 2 can be coupled (i.e., D 1 P 2 and D 2 P 1 ), separated or representing the same region. (Fig. 2e) .
Situation 1: wjc 2 in P 2 remains intact after removing D 1 . After removing D 1 , ujv ujc 1 should be collapsible, and thus u ¼ w. On the other hand, wjc 2 in P 2 is collapsible after removing D 2 and uja 1 will remain intact, so we have (uja 1 ) ¼ (wja 1 ) ¼ (wjc 2 ), which contradicts Lemma 2. The only exception is that wjc 2 in P 2 is deleted when removing D 2 , which indicates either (P 2 , D 2 ) is coupled with (P 1 , D 1 ), or (P 2 , D 2 ) is a forward tandem repeat in the form D 2 jP 2 . The latter is impossible, because q ¼ c 1 , and after removing D 1 , we have ujc 1 collapsible (because D 1 is adjacent to D 2 ), which means u ¼ d and thus
Situation 2: wjc 2 in P 2 is completely deleted when removing D 1 . In this case, we must have a copy of wjc 2 in P 1 , and thus the same arguments for Situation 1 apply.
Situation 3: wjc 2 in P 2 is partially deleted when removing D 1 , i.e., either w or c 2 is removed. In this case, P 2 must share boundaries with D 1 , which is impossible due to 
Since P 1 is strictly within D 2 , we must have a copy of P 1 , denoted by P 3 x 3 ja 3 Á Á Á b 3 jy 3 in P 2 , which will remain intact after deleting D 2 . As a result, the third alignment C ¼ (P 3 , D 1 ) must be a candidate alignment. & Using Lemmas 2-6, we are now ready to prove the following claims required in the proof of Theorem 1.
Lemma 7. If we consider duplication operations in reverse order, the D-segment of a candidate alignment will remain a D-segment of some (not necessarily the same) candidate alignment until either this D segment is removed from the sequence by unwinding a duplication (P, D), or all segments matching D are deleted, in which case the segment gains the role of D-segment by duplication (D, P).
Proof. By Lemma 6, a candidate alignment (P 1 , D 1 ) cannot be partially removed or extended when removing other candidate alignments. We thus only need to show that, when reconstructing duplication in the reverse order, D 1 will continue to be the D segment of some candidate alignments until either D 1 is deleted or all segments matching with D 1 are deleted.
Let D 1 uja 1 Á Á Á b 1 jv and P 1 xja 2 Á Á Á b 2 jy. Assume D 1 becomes an invalid D segment after removing a candidate alignment (P 2 , D 2 ). If removing D 2 deletes P 1 , then there is a third candidate alignment (P 3 , D 1 ). If both P 1 and D 1 remain intact after removing D 2 , then by Lemmas 4 and 5, the flanking segments of P 1 and D 1 will remain intact as well. Let D 2 pjc 1 Á Á Á d 1 jq and P 2 wjc 2 Á Á Á d 2 jz, removing D 2 will produce a new atomic pair pjq. To invalidate the D-segment role of D 1 , at least one of xja 2 , b 2 jy, ujv pairs must become non-collapsible due to pjq. If ujv is affected, without loss of generality, we assume p ¼ u. Since ujv is collapsible after removing D 1 , pjc 1 in D 2 must equal ujv and thus c 1 ¼ v. As a result, wjc 2 ¼ wjv in P 2 must equal ujv, indicating p ¼ w ¼ u. This contradicts the maximum alignment assumption. The only exception is when P 2 and D 2 are adjacent in the form P 2 jD 2 zjd 2 Á Á Á c 2 jc 1 Á Á Á d 1 jq, and thus p ¼ u ¼ c 2 . However, since and v ¼ c 1 , we have ujv ¼ c 2 jc 1 non-collapsible. Similar arguments can be applied to show contradictionswhen either xja or bjy becomes non-collapsible due to pjq. Proof. We will prove this lemma by induction on the number of duplication events. First, the lemma holds trivially for the sequences with a single duplication (which must be (P, D)). Now, let us assume that the lemma holds for any duplication sequence of length less than k. We want to prove that it also holds for a sequence of duplications O 1 , . . . , O k of length k.
If O k ¼ (P, D), then the lemma holds trivially. Therefore, assume that O k = (P, D), and thus (P, D) is among one of O 1 , . . . , O k À 1 . Let S kÀ1 be the atomic segment sequence created by O 1 , . . . , O k À 1 . Then according to the induction hypothesis, there exists a segment P 0 and a sequence of D 1 ) , then D 1 = D and P 1 = P 0 under the no atomic boundary reuse assumption (assumption (3) in Section 3). Since D is assumed to be a D-segment in S, we can always find two alternative events O 00 
1058
ZHANG ET AL.
Proof. Let P xja . . . bjy and D pja . . . bjq. If both (P, D) and (D, P) are candidate alignments in S, then by Lemma 2, no other alignments will cover either P or D unless (P, D) is a forward tandem repeat. If (P, D) is not a forward tandem repeat, (xja), (bjy), (pja), (bjq) must all be unique pairs in the atomic segment sequence S. In addition, we should have xja collapsible after removing D, and thus x must be unique in S. Similar arguments can show that y, p, and q are also unique in S. As a result, the two segments P and D are bounded within unique atomic segments and thus forms ''two islands''. So any previous duplication related with P or D segments must be completely inside of either P or D, and they do not share boundaries with P or D. The same conclusion applies even if P and D are adjacent to each other. Therefore, to change the latest duplication from
, we simply ''redirect'' all the duplications that are inside of D to be inside of P, and keep the rest the same. This will create a new sequence of
SEQUENTIAL IMPORTANCE SAMPLING
The assumptions required for the basic algorithm are often violated in practice. In particular, large-scale deletions in the gene clusters violating assumption (2) are likely to occur, and atomic boundary reuses violating assumption (3) are not uncommon. Once a boundary reuse occurs, regardless of its causes, we can no longer guarantee to reconstruct the correct history or even predict the true number of events. Even if assumptions (1)-(3) are satisfied, there are always multiple ways of reconstructing the history of a gene cluster. The number of the events will be the same, but the order of the events and the ancestral duplicationfree sequence will vary across solutions. To make inference about the evolution of a gene cluster, we need to summarize the features of interest from all possible histories, without computationally expensive enumeration of all possible histories.
To address the atomic boundary reuse and to model deletions, we propose a stochastic algorithm that first samples many possible histories of a gene cluster from a target distribution, and then makes inference of evolutionary features from the collected samples. We use the target distribution to define the scope of histories and their relative contributions. For example, to make inference exclusively from histories that have no atomic boundary reuse, the target distribution can be uniform on all such histories and 0 otherwise. In practice, we will use more flexible target distributions to accommodate complications. To reconstruct possible histories from the target distribution, we use sequential importance sampling (SIS) (Liu, 2001) . SIS is a Monte Carlo method that sequentially samples one event at a time from a pool of possible events until all local alignments in the dot-plot are resolved. We represent a history of the gene cluster by a series of T events O T ¼ (O 1 , . . . , O T ) reconstructed by SIS in reverse order of time. Here, both O T and T are unknown. The basic algorithm is a special case in which every reconstructed event O i corresponds to a candidate alignment. By repeating the SIS procedure, we sample many possible histories and summarize the desired features by taking a weighted average, with weights calculated as the difference between the target distribution and the actual sampling distribution.
Given a gene cluster X, we specify the target distribution of histories to be (O T jX) / e aT þ br , where T is the number of events, r is the number of reused atomic boundaries, and a, b are two penalty parameters. We chose a ¼ b ¼ À5; thus histories with fewer evolutionary events and boundary reuses will contribute more to the inference. The penalty (À5) was chosen to allow suboptimal solutions. When the penalty approaches À?, only the most parsimonious solutions with the least boundary reuse will influence the result. Note that we only need to specify the target distribution up to a normalizing constant.
Directly sampling histories from the target distribution is often intractable, and thus SIS is used. Suppose we have already reconstructed t most recent events; we sample the next event O tþ1 from a trial distribution g t (O t þ 1 jO t ). Our goal in choosing the trial distribution is to allow easy sampling while resembling the target distribution as closely as possible. By sampling events until all alignments are resolved, we obtain one reconstructed history O T , and by repeating this procedure, we collect many possible histories. Unfortunately, the collected histories will almost never follow the target distribution (O T jX) exactly, but follow
To correct this sampling bias, we calculate weight w ¼ (O T jX)/ Q T1 t0 g t O t1 jO t , determining how much reliance we shall put on each reconstructed history. Finally, given m histories O
and their weights w 1 , . . . , w m , we make a statistical inference about evolutionary features by approximating the expectation of any function u(O T ) of histories as
For example, u(O T ) ¼ T gives the number of events.
DUPLICATION HISTORY RECONSTRUCTION 1059
The choice of the trial distribution directly determines the efficiency of history reconstruction. For example, if assumptions (1)-(3) are met, we can let g t (O t þ 1 jO t ) be uniform on all events O tþ1 that involve a candidate alignment, and 0 on all other events. As a result, the SIS algorithm will efficiently and precisely produce the same number of events as the basic algorithm.
We used simulations to choose a set of good trial distributions. In particular, we used
, k 2 f0, 1, 2, 3g denotes the number of reused atomic boundaries, i.e. the number of non-collapsible atomic segment pairs that flank D and the boundaries of P after removing D. Furthermore, L and ' denote the current sequence length and the duplication size, respectively. For deletion, ' and l denote the actual and the expected deletion size, respectively. We only consider deletions without atomic boundary reuse, and l ¼ 10000. Intuitively, we prefer to sample longer duplications and shorter deletions in each SIS step. We also prefer alignments with higher percent identity and those that resolve more local alignments, which is represented by function f (s, ) ¼ e ( À (100 À s)) / 5 of the alignment percentage identity s [ [0, 100] and the number d of alignments resolved by O tþ1 .
We only consider a deletion event if the atomic segment pair flanking a deletion site appears elsewhere in the sequence. Otherwise, no deletion information is available. For example, suppose a 1 b 1 flanks a deletion site, and we observe a 2 and b 2 elsewhere, then the region between a 2 and b 2 can be inserted in between a 1 b 1 to unwind a deletion. The relative orientation between a 1 and b 1 must match that between a 2 and b 2 , and a 1 b 1 must not be located between a 2 and b 2 . If all conditions are met, we calculate the average percentage identity s from the flanking alignments (a 1 , a 2 ) and (b 1 , b 2 ), and the deletion event can be reconstructed. Finally, Z denotes the normalizing constant for the trial distribution. Compared with the normalizing constant for the target distribution, Z is much easier to calculate, because we can easily enumerate all possible events given O t .
APPLICATION TO HUMAN GENE CLUSTERS
We have identified 457 duplicated regions in the human genome assembly hg18, based on alignments from UCSC browser self-chains (Kuhn et al., 2007) of length at least 500 bp, with at least 70% identity, and with both segments located within 500 Kbp of each other. The regions were defined by clustering overlapping duplications; only regions of substantial size (at least 50 Kbp) and non-trivial complexity (at least two duplications) were retained. These regions cover *215 Mbp (7%) of the human genome. We targeted 165 biomedically interesting clusters (*111 Mbp) that either overlap genes associated with a humandisease (genetic association database [Becker et al., 2004] ), or contain groups of similarly named genes.
Clusters were processed through a pipeline that included (1) self-alignment by blastz; (2) production of subsets of the alignments roughly corresponding to duplications in the human lineage after divergence from great apes (! 98% identity), old-world monkeys (93%), new-world monkeys (89%), lemurs (85%), and dogs (80%); (3) adjusting alignment endpoints to avoid predicting spurious tiny duplications; and (4) chaining (i.e., local alignments of similar percent identity broken by small insertions/deletions or postduplication insertion of interspersed repeats. For each of the resulting 825 combinations of gene cluster and divergence threshold, we estimated the number of duplications or deletions in the human lineage subsequent to the divergence.
We estimated the size, spacing, and orientation of duplication events. Figure 3 shows estimated distributions of the size of the duplicated region and the spacing between the original and duplicated segments for duplications with at least 93% identity. For those duplication events, the copy was in the reverse orientation relative to the original segment in 39% of the cases.
We used these observed distributions and inversion rates to simulate the evolution of gene clusters to validate our methods. Starting from a 500 Kbp sequence, we simulated the formation of gene clusters via 10-100 duplications and deletions. For a duplication event, we chose a random left end and length from the observed distribution. The procedure then chose an insertion point at a distance selected from the observed spacing distribution, and a copy of the ''source'' interval (or its reverse complement at a frequency of 0.39) was inserted. We also simulated deletions with frequency equal to 2% of the duplication rate (the observed frequency), using random left ends and length drawn from the empirical distribution. By simulating N ¼ 10, 20, 30, . . . , 100 events, we created 10 gene clusters for each N. The results of our pipeline were compared to the actual number of simulated events. Figure 4 shows that our algorithm accurately predicted the true number of events for the simulated gene clusters. The predicted numbers of events were slightly larger (3% on average) than the true number of events.
In our method, we use blastz to construct the dot-plot from a gene cluster sequence. Our simulation and human gene cluster analysis shows that the alignment accuracy is sufficiently high that our reconstruction results are not greatly affected by alignment errors. Since our interest is about recent duplication events in human, most duplicated segments share a relatively high sequence similarity, and thus the probability of alignment errors is much lower than that for distant sequences. In addition, we are only using alignment boundaries in reconstruction, such that alignment quality within aligned regions will not affect our results. Although it is likely that alignment boundaries may shift a bit to create artificial boundary reuses, we handle this issue in our sampling procedure. In fact, according to our reconstructions, we only observed about 1.4% alignment boundary reuse in our simulation study and 4.5% in our human cluster analysis (Fig. 4) . The larger proportion of reuse in human clusters indicates a higher complexity of real data, and thus more MCMC sampling iterations should be applied to explore the solution space. On the other hand, the overall proportion of reuse is small for both simulation and real data analysis, because our method directly uses the dot-plot to reconstruct duplication histories, where the detailed alignment information can help us resolve many reconstruction ambiguities.
In Table 1 , we show a selection of results from our analysis of individual gene clusters in the human genome. The results show large differences in the evolutionary tempo among the gene clusters. For instance, the cluster of SMN genes appears to have been quiescent through almost all of primate evolution, then experienced an explosion of duplications in the last six million years. On the other hand, the cluster containing HLA-D appears to have changed little for 50 million years, while that containing UGT2 may have accumulated duplications fairly consistently throughout primate evolution, but with a surge of activity about 10-40 MYA. To summarize the results of our analysis, we have grouped 140 clusters showing at least one duplication event since the split from dogs into ten categories according to the distribution of duplication and deletion events among the five epochs. The categories were obtained by k-means clustering using Euclidean distance. Figure 5 shows summary profiles and lists several notable examples of clusters for each category.
Category 6 contains the largest number of clusters and its profile suggests uniform rate of events throughout mammalian evolution (note that individual epochs correspond to different branch lengths). It also contains some of the most active gene clusters in the genome, including PRAME (63 estimated events) and UGT2 families (82 estimated events). The remaining categories place individual events almost exclusively (categories 1a-4a and 5) or mostly (categories 1b-4b) into a single epoch.
It is also interesting to observe differences in behavior of individual clusters of multi-cluster gene families. Olfactory receptors (OR), responsible for the sense of smell, are distributed in many gene clusters throughout the genome. Most of them fall into categories 6 and 1b. While most of the events in category 1b can be placed at onset of mammalian evolution, with very little recent activity, the clusters in category 6 evolve at uniform rate throughout the whole mammalian evolution. Such differences in rate of evolution are likely explained by subfunctionalization of individual clusters, and may support further studies of functional differences between subfamilies of OR genes. Similar patterns can also be observed in other families, including defensins (DEFA in category 1a, DEFB in category 6), and histones (HIST1H in category 1b, HIST2H in category 2b).
Changes in the duplication rate can also be related to adaptation to environmental changes and explain phenotypic differences between species. Family of amylases (AMY in category 4b), responsible for digestion of starch and glycogen, shows the highest rate after the split from old-world monkeys, and may be related to shifts towards the diet containing more starch (Perry et al., 2007) . Copy numbers of chemokine ligand genes (CCL in category 4b) have been recently linked to susceptibility to HIV (Degenhardt et al., 2008) . The expansion of this family after old-world monkey split may help to explain differences in susceptibility between humans and macaques. 
SIMULTANEOUS MULTI-SPECIES HISTORY RECONSTRUCTION
We have introduced a basic algorithm and an extended Monte Carlo approach to reconstruct gene duplication and deletion events for a single species. As indicated by the percentage identities in sequence alignments, many of the reconstructed events probably have occurred before the speciation between human and other primates. A further step to consider is thus reconstructing the evolutionary history for two or more species simultaneously. In particular, events that occurred before speciation of two species should be inferred together in order to guarantee consistent inference of events as well as to reduce redundancy across species. Borrowing information from other species can also help us to resolve ambiguities in reconstruction.
For simplicity, let us consider reconstructing the evolutionary history of two species. We first assume that the conditions specified in the basic algorithm hold true for both species. That is, we only consider duplication events at the moment, and events do not reuse existing atomic boundaries within each species. After speciation, the two species evolve independently and we assume that events within one species further do not reuse atomic boundaries in the other species. Again, under a completely random event model, the no boundary reuse assumption will hold true approximately when the genomic regions under consideration are sufficiently large. Given the above assumptions, it is straightforward to show that our basic algorithm introduced for one species can be directly applied to reconstructing the duplication history for two species. In particular, if we concatenate the genomes of two species together, the joint genome can be treated as the genome of a hypothetical species. The speciation event can be treated as a duplication event that doubles the ancestral genome. As a result, our basic algorithm can be applied to the hypothetical joint genome. It further follows that, if the assumptions of the basic algorithm hold true, the reconstructed duplication history for two species will be optimal. As illustrated in Figure 6 , the two sets of self-alignments within each species as well as their pairwise alignments are first combined to form a single dot-plot. At some point during reconstruction, the genomes of two species will coalesce to a common ancestor, where the two sets of selfalignments will be identical to each other as well as to their pairwise alignments. One species will thus be removed as a reverse speciation event, and then reconstruction continues to convert the ancestral genome into a duplication-free sequence. The total number of reconstructed duplication events, denoted as n t , will satisfy n t ¼ n a þ n 1 þ n 2 þ 1, where n a denotes the number of duplications that occurred before speciation, n 1 and n 2 denote the number of duplications that occurred in each species after speciation, respectively, and the 1 refers to the speciation event itself.
Our multi-species reconstruction approach borrows information across species to resolve ambiguities during reconstruction. This is done by checking atomic boundary reuse in all species through their pairwise alignments, which are observable in the combined dot-plot. The main ambiguity resolved by the pairwise alignments is whether an event occurred before or after the speciation of two species. In particular, any duplication event that occurred before the speciation will not be reconstructed before the two species coalesce, because the dot-plot contains at least two copies of the event (alignments), and resolving any copy will conflict with the no atomic boundary reuse assumption in the other copy. Similarly, any duplication event that occurred after the speciation will be reconstructed before the two species coalesce, because otherwise the genomes of two species will not be identical and thus will not coalesce.
Theoretically, our approach can be further extended to reconstruct duplication and speciation histories for more than two species simultaneously. Again, this can be done by concatenating the alignments within and between species into a single dot-plot. Different from existing approaches, under the no atomic boundary reuse assumption, a phylogenetic tree of multiple species will be automatically reconstructed by our algorithm rather than required a priori. In practice, of course, we rarely have the ideal conditions satisfied. First, sequences are not perfectly aligned due to mutations and sequencing errors, particularly for ancient duplications with low sequence percentage identity and for some poorly assembled mammalian genomes. Secondly, deletions, inversions, transpositions, and other large-scale genomic rearrangement events may have occurred within the gene clusters, which differentiate the sequence structure of multiple species in various ways. Thirdly, atomic boundaries may be reused within some rearrangement hotspot regions in some species. One possible solution to handle these complications is again to treat all important History reconstruction from the current genomes of two species to the original duplication-free ancestor using the basic algorithm. The algorithm combines the sequences of two species and their corresponding self-alignments and pairwise alignments together. The combined sequence is treated as a single hypothetical species, which has gone through a double-genome event corresponding to speciation. The basic algorithm is applied to the joint hypothetical genome.
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evolutionary events and noise in the data as random events under a probabilistic model. We then obtain many plausible histories using SIS and make inference from the sampled histories. We used simulation to evaluate our extended approach for simultaneous reconstruction of multi-species gene clusters. As the first step, we only considered two species in our simulation study. The simulated events are generated according to the distributions of events observed in human gene clusters, without mutations and deletions. First, we simulate N ¼ 10, 15, 20, . . . , 30 duplication events before speciation from a 500-Kbp duplication-free sequence. We obtain 50 sets of gene clusters for each N. Second, a speciation event is simulated by copying the entire gene cluster. The two identical gene clusters are then diverged by additional N duplication events, independently. For the sequences of two gene clusters that descend from a common ancestor, two self-alignments and an inter-species alignment are obtained by blastz and those three alignments are visualized as a merged dot-plot, i.e., a self-alignment that includes total of 3N þ 1 events. Applying our reconstruction algorithm to the merged dot-plot, the numbers of events inferred were almost identical to the true number of events, as shown in Figure 7 . In addition, the speciation event was inferred at the correct time after reconstructing 2N after-speciation duplication events. Interestingly, the performance of two-species reconstruction appeared to be better than that for single species. This is partially due to the additional information learned from inter-species alignments.
When the assumptions of the basic algorithm are violated, an additional yet important complication in multi-species history reconstruction is the coalescence between species. By concatenating species together, we may obtain various reconstructed histories that are in reality impossible, because different species have evolved separately in the history but are treated together in our algorithm. For example, one event may be inferred from the joint dot-plot as copying a region from one species into the other species. It is also possible that a speciation event is inferred as multiple duplication events, where each duplication event only copies a partial genome from one species to the other. Both examples are biologically meaningless and thus should be avoided in reconstruction. Intuitively, these improper events can be avoided by imposing a constraint to the current algorithm, stating that no alignments in the pairwise alignments should be resolved as a duplication event, unless it is a double-genome speciation event.
There are currently very few methods available for solving multi-species duplication reconstruction problem. Our approach is among the first that can handle a general class of duplication and deletion events comparing across multiple species. Sammeth and Stoye (2006) proposed an approach that computes an optimal set of duplication and deletion events between two gene clusters. Although only resolves tandem duplications and uses predefined repeat units, their method does not assume no-boundary-reuse. It will be interesting to borrow ideas from existing algorithms to further improve our method.
DISCUSSION
We have designed and implemented a method to predict the duplication history of a gene cluster using sequence data from only one species. Our goal was to measure the tempo of cluster expansions throughout primate evolution for every human gene cluster, so as to help prioritize the selection of notably interesting gene clusters for more detailed comparative genomics studies. Our future plans include performing comparative sequence analysis of a series of human gene clusters, which will involve isolating and accurately sequencing the orthologous genomic regions in multiple primates. We have further described how to generalize the proposed method to multi-species evolution reconstructions, and demonstrated its promising performance by simulations under simple scenarios. We will continue to improve the algorithm as orthologous gene cluster sequences of multiple primates become available.
It will be fascinating to compare cluster dynamics in certain lineages to observed phenotypic differences among primates. For instance, Hurle et al. (2007) look for correlations between differences in the WFDC cluster and several phenotypes, including female promiscuity. Note that Table 1 indicates a lack of recent WFDC expansions in the human lineage. Another potential use is illustrated by the PRAME cluster, where three gaps remain in the human assembly (Table 1 ). The rhesus cluster was straightforward to assemble because it lacks recent duplications (The Rhesus Macaque Genome Sequencing and Analysis Consortium, 2007) , paving the way for evolutionary studies to help understand the cluster's function.
In addition, such sequence data should reveal differences among primate species of possible relevance for selecting species for further biomedical studies. Sequence data has already been gathered from primate orthologs of the HLA cluster, showing a large expansion in the macaque lineage (Daza-Vamenta et al., 2004; The Rhesus Macaque Genome Sequencing and Analysis Consortium, 2007) , and effects of differences among the rhesus, cynomolgus, and pigtail macaque MHC clusters may be relevant for clinical studies of AIDS progression (Krebs et al., 2005; Smith et al., 2005) . Similarly, the KLR cluster has been sequenced in marmoset by Averdam et al. (2007) to help determine the value of that species as a primate model for immunological research. Our planned systematic project will provide a deeper understanding of primate genome evolution than would piecemeal studies of this sort.
The data should also fuel the development of computational methods for handling the complexities associated with comparative sequence data that include closely related duplicated segments. The approach described here is just one way of approaching this fascinating class of problems. 
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